Abstract-The objective of the dynamic economic dispatch (DED) problem is to find the optimal dispatch of generation units in a given operation horizon to supply a prespecified demand while satisfying a set of constraints. In this paper, an efficient method based on optimality-condition-decomposition technique is proposed to solve the DED problem in real-time environment while considering wind power generation and pool market. The uncertainties of wind power generation, as well as the electricity prices, are also taken into account. The aforementioned uncertainties are handled using a scenario-based approach. To illustrate the effectiveness of the proposed approach, it is applied on 40 and 54 thermal generation units and a large-scale practical system with 391 thermal generation units. The obtained results substantiate the applicability of the proposed method for solving the real-time DED problem with uncertain wind power generation.
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I. INTRODUCTION
E
CONOMIC load dispatch (ELD) is a nonlinear constrained optimization problem which plays an important role in the economic operation of power systems [1] - [3] . Dynamic economic dispatch (DED), which is an extension of ELD for a given operation horizon, takes into account the connection of different operating times by considering ramp-rate constraints of thermal generation units. In the recent decade, several economic and environmental reasons motivate increasing the share of renewable technologies in electricity generation [4] . However, the inherent uncertainties associated 1937-9234 © 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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with the operation of these energy resources and the dynamic constraints like ramp-rate limits make the DED problem more sophisticated. On the other hand, the recent trends toward the smart grids and also the importance of the integration of renewable energy sources (regarding environmental concerns) [5] have increased the need for real-time dispatching methodologies. A real-time dispatch method makes dispatching decisions quickly, is not responsible for the extraction of commitment decisions, and will not consider start-up costs in any of its dispatching or pricing decisions in the studied horizon [6] . Thus, a powerful tool is needed for handling the uncertainties of renewable energy resources [7] - [9] along with the technical and economical constraints of thermal units. The motivation of this study is to provide such a tool. In other words, in this paper, the real-time DED problem is formulated by considering uncertain wind power generation (as an important and most popular renewable energy resource), and it is solved by utilizing the optimality condition decomposition (OCD) approach in a real-time environment. Moreover, uncertainties in pool market prices are considered in the proposed DED model, in order to make it more realistic and practical.
A. Literature Review
The OCD technique is a powerful theoretical and algorithmic approach for addressing continuous Non Linear Programming (NLP) optimization problems as well as the problems which require the exploitation of their inherent mathematical structure via decomposition principles [10] . OCD is based on relaxing the complicating constraints [11] . Complicating constraints are those that, if relaxed, the resulting problem decomposes into several simpler problems. The successful applications of the OCD technique have been reported in various research fields such as the following: 1) multiarea optimal power flow [10] ; 2) Optimal Power Flow (OPF) for overlapping areas in power systems [12] ; 3) coordinated voltage control of large multiarea power systems [13] ; 4) optimal integration of intermittent energy sources [14] ; 5) predictive control for coordination in multicarrier energy systems [15] ; 6) decomposed stochastic model predictive control for optimal dispatch of storage and generation [16] ; 7) integrated water and power modeling framework for renewable energy integration [17] . In recent years, many approaches have been proposed for considering the impact of wind power generation on the ELD problem. In [18] , a method is proposed which estimates the available wind power and then solves the ELD problem. In [19] , a time series of observed and predicted 15-min average wind speeds at foreseen onshore and offshore wind farm locations is proposed. A heuristic method (i.e., bacterial foraging algorithm) is proposed in [20] for solving the ELD problem. In [21] and [22] , the use of battery storage is considered for making the wind turbine dispatchable. In [23] , a new method is introduced for generating correlated wind power values and explains how to apply the method when evaluating economic dispatch.
B. Contribution
In this paper, a powerful stochastic real-time DED model is proposed for an electric utility to determine its optimal strategy in supplying the demand of its customers. The thermal units, wind power generation, and pool market are taken into account as the energy procurement resources. The uncertainties in wind power generation, as well as pool market prices, are considered and modeled by the scenario-based approach. The resultant model is solved using the OCD approach in real-time environment.
C. Paper Organization
This paper is set out as follows. Section II provides a general description of the OCD algorithm. Section III deals with uncertainty modeling in the proposed real-time DED. Section IV presents the DED problem formulation. The application of OCD on the DED problem is presented in Section V. Simulation results are presented in Section VI, and finally, Section VII concludes this paper.
II. OCD
Consider an optimization problem with the specified decomposable structure, which consists of N blocks of variables as follows:
where X n = [x n 1 , . . . , x n φn ] are the variables for each block n in which the original problem (1)- (3) decomposes. φ n is the cardinality of the nth block of variables. Constraints (2) and (3) represent both the equality and inequality constraints of the problem. In the aforementioned optimization problem, (2) denotes the complicating constraints, i.e., by the relaxation of these constraints, the overall optimization problem will be decomposed to several (here, N independent subproblems). By the investigation of the first-order Karush-Kuhn-Tucker (KKT) optimality conditions for the aforementioned problem, which is described in detail in [24] , the original problem could be decomposed to N independent subproblems as follows:
It is worth to mention that the aforementioned variables are known for the nth subproblem. Also, λ k is the obtained value for the Lagrange multipliers of the kth complicating constraints, which is obtained in the kth subproblem. Fig. 1 illustrates the basic functionality of the OCD approach. 
III. SCENARIO-BASED UNCERTAINTY MODELING
The assumptions and technical constraints are described as follows.
A. Assumptions
1) The electric utility is paid a fixed price for each megawatthour which sells to the customers. 2) The electric utility has three options for supplying the demand of its customers, namely, pool market, thermal generating units, and, finally, the wind turbine power generation.
3) The electric utility is assumed to be the owner of the thermal and wind generating units. 4) The wind generation and electricity price in the pool market are assumed to be uncertain parameters. 5) The proposed tool is run every 15 min, and it considers Δ intervals (the length of each interval is 15 min). 6) This rolling window starts at t = 0 and moves toward the end of the operating horizon t = T as shown in Fig. 2 . 
B. Uncertainty Modeling of Wind Turbine Power Generation and Electricity Prices
The generation power of a wind turbine depends on its input source of energy. The variation of wind speed is a key factor for the determination of the wind turbine's output. The price of energy in the pool market is determined based on the competition between the market players. The value of price in each hour is an uncertain parameter. The historic data of wind speed in the region and electricity prices can be used to probabilistically model the uncertainties of wind speed [25] .
In this paper, it is assumed that the forecasted values of wind power generation (P w f t ) and electricity prices (λ f t ) are available, as depicted in Fig. 3 . To define wind power generation scenarios, one can consider beta distribution for wind power [26] or the Weibull distribution for wind speed aside from the wind turbine cure [27] . The latter is considered in this paper which is described with more details in Appendix A.
The realization of wind power (P w s,t ) and electricity price (λ P s,t ) is modeled using scenarios around the forecasted value, as shown conceptually in Fig. 4 . It is assumed that the actual wind power generation and electricity price are normally distributed around the corresponding forecasted values μ = P w f t and μ = λ f t , respectively. In this paper, seven scenarios are considered for modeling the uncertain parameter (μ, μ ± 3σ) as depicted in Fig. 5 . The probability of falling into each scenario is indicated on the corresponding area, as shown in Fig. 5 . It is assumed that, for the employed normal distribution, σ = 0.01μ.
It is also assumed that the variation of electricity price values are independent from the variations of wind speeds. 
If the expected value of wind speed is in the interval [v r , v c out ], considering the wind turbine cure (see Appendix A), wind generators produce their maximum value as long as wind speed is in the aforementioned interval. Hence, there is no scenario with a wind generation greater than its forecasted value, which is a usual case. This fact is reflected in (9).
IV. REAL-TIME DED PROBLEM FORMULATION
The objective function (OF) of the proposed tool is to find the optimal dynamic schedule of the generating units to maximize the total benefits, which is formulated as follows.
A. Total Cost of Energy Procurement
The production cost of thermal units is defined as
where a i , b i , and c i are the fuel cost coefficients of the ith unit. The total cost paid by the electric utility is calculated as follows:
In each time step and scenario, the power balance constraints should be satisfied as follows.
B. Constraints
1) Real power balance:
2) Generation limits of thermal units:
3) Ramp-up and ramp-down constraints: The output power change rate of the thermal unit should be below the prespecified limits called ramp rates. This is to avoid damaging the boiler and combustion equipment. These limits are stated as follows:
4) Wind power generation limits:
5) Limits on power exchange with the pool market:
C. OF (Total Benefit)
In this paper, the OF is defined as the total money received from the energy consumers minus the total cost paid for operating the thermal units as follows:
The OF (i.e., total benefit) should be maximized, subject to the aforementioned equality and inequality constraints.
V. APPLICATION OF OCD ON THE REAL-TIME DED
In large-scale power systems, the dimension of the DED problem is very large, and hence, the solution time is very critical for real-time implementation. To speed up the solution process, the DED problem could be decomposed to a few simpler subproblems with lower dimensions, and hence with less computational burden. This is accomplished due the multiperiod structure of the DED problem. In this paper, the OCD approach is utilized for this aim. OCD is based on relaxing the complicating constraints of the original NLP problem. Complicating constraints are constraints that, if relaxed, the resulting problem is decomposed into several simpler problems [24] . In the DED problem, ramp-rate constraints [i.e., (15) ] are the complicating constraints [28] .
Since the P D t and λ D s,t are known parameters and are the given data of the problem, then maximizing the OF (18) would be the same as minimizing the total costs. By relaxing the ramp-rate constraints, the corresponding consecutive mth and m + 1th subproblems (i.e., for t = t m and t = t m+1 ) of the DED in the kth iteration of the OCD are as follows.
1) For interval t = t m (i.e., mth subproblem):
Subject to :
2) For interval t = t m+1 (i.e., m + 1th subproblem):
are Lagrange multipliers corresponding to the complicating constraints (15) of the m + 1th subproblem at the previous iteration (i.e., iteration k − 1). The dashed parameters (likeP of the OCD leads to independent subproblems with much less dimension than the original DED problem, which can be solved quickly in a parallel manner. In other words, the sub-problem for t = t m only contains the variables (i.e., generation schedules) of that interval, and the variables of neighbor intervals are treated as some constant parameters both in the OF and constraints of that interval. The OCD steps are described as follows.
Step 1) Initialization (k = 1): In this step, all variables and Lagrange multipliers of complicating constraints (15) are initialized. In this paper, the initial values for variables are chosen by independently solving the relaxed subproblem (RSP), with zero initial values for the Lagrange multipliers of complicating constraints (μ
), and neglecting constraints (15) . Therefore, ∀ t, P
i,t is known.
Step 2) Independently solving the RSPs in iteration k: In this phase, there are T RSPs to be solved independently, by parallel computation ability, and the optimal values for all variables are obtained, along with the Lagrange multipliers of complicating constraints (15) . That is,μ
Step 3) Stopping criterion. The algorithm stops if variables (or the value of OF) do not change significantly in two consecutive iterations [24] . Otherwise, go to
Step 2).
The flowchart of the OCD algorithm is depicted in Fig. 6 . 
VI. CASE STUDIES
The proposed model for the DED and the aforementioned OCD algorithm is implemented in the General Algebraic Modeling System environment and solved by the Sparse Nonlinear OPTimizer (SNOPT) solver. The electricity price and wind power combined scenarios are given in Table I .
The forecasted values of wind power generation, electricity price, and demand values in percent of the corresponding peak values are given in Table II. The length of this moving window is assumed to be Δ = 13 time steps. Each time step is 15 min. In this way, at t = 0, the window expands to the beginning of t = 3h. The proposed approach is implemented on 40-and 54-unit test systems, along with a large-scale 391-unit system. For simplicity, the price of selling electricity to the consumers is assumed to be constant during the entire horizon and equal to $15/MWh, $27/MWh, and $23/MWh for the aforementioned systems, respectively.
A. Case I: 40-Unit System
In this case, there are 40 thermal units. The technical data of these units are available in [29] . The wind capacity is assumed to be 1800 MW. Also, the peak values of electricity price Λ and demand are assumed to be 12.75 $/MWh and 12 000 MW, respectively. Moreover, in this case, the maximum/minimum limits on power exchange with the pool market is ±1200 MW.
Without using the OCD approach, the total CPU time is obtained as 2.944 s. In this case, the OCD algorithm is converged after 11 iterations, and the total CPU time is equal to 1.060 s. This means a 63.99% reduction in the CPU time. This significant reduction in the CPU time is substantial from the real-time implementation viewpoint of the proposed approach. The optimal schedule of thermal generation units in the studied horizon is given in Table III . Also, the expected value of purchased power from the pool market (in each time step) in this case is shown in Fig. 7 . It is observed from this figure that, in some hours, the electric utility purchases power from the pool market, whereas in some others, it sells energy to the pool market. The values of OF and CPU time for the iterations of the OCD algorithm in this case are given in Table IV .
B. Case II: 54-Unit System
In this case, there are 54 thermal generating units. The data of these units and the load profile of the system are given in [29] . In this case, the total wind power generation capacity is assumed to be 900 MW. The peak values of electricity price Λ and demand are assumed to be 18.75 $/MWh and 6000 MW, respectively. Also, for this case, the limits on the power exchange with the pool market are ±500 MW.
Tables V and VI show the variations of total benefits versus the iterations of the OCD algorithm for this system. As it is observed from this table, the OCD is converged after seven iterations in this case. The overall CPU time for this problem, using the parallel computation ability, is 0.368 s, which is quite low. If one solves the aforementioned model without using the OCD algorithm, the CPU time would be 3.263 s. This means that OCD reduces the computation time by about 88.72%. Also, the expected values of the purchased power from the pool market (in each time step) in this case are shown in Fig. 8 .
C. Case III: Practical Large-Scale Case Study
In this case, a real-life power system is studied to investigate the applicability of the proposed approach on the large-scale power systems. there are 391 thermal units available in this system. The technical data of the units are given in [29] . The peak demand and nominal wind power generation capacity are 45 000 and 8000 MW, respectively. The peak of electricity price Λ is assumed to be 10.50 $/MWh. Also, the limits on the power exchange with the pool market are ±5000 MW in this case. The optimal total benefit and CPU time obtained without using the OCD algorithm are 1 627 872.913 and 75.751 s, respectively. On the other hand, if OCD is used, it would converge in 14 iterations, and the total CPU time is 3.186 s. This means that the utilization of the OCD algorithm reduces the computation time by about 95.794%. This huge reduction in the CPU time justifies the applicability of the proposed   TABLE IV  VALUES OF OF AND CPU TIME FOR THE OCD ALGORITHM IN CASE I   TABLE V  VALUES OF OF AND CPU TIME FOR THE OCD ALGORITHM IN CASE II TABLE VI  CPU TIME FOR OCD ALGORITHM IN LARGE-SCALE  CASE STUDY WITH 
VII. CONCLUSION
This paper presents a probabilistic real-time methodology to find the optimal schedule of thermal generation units at the presence of wind power generation. The uncertainty of wind power generation and electricity price is modeled by scenariobased technique. In order to make the proposed approach applicable in case of real-time operation of power systems, OCD is utilized. It is demonstrated that implementing the proposed OCD technique, along with parallel computation ability, reduces the computational burden of the DED problem and hence facilitates its application in a real-time environment. The proposed approach is investigated in various test systems. Numerical results show the applicability and usefulness of the OCD for solving the real-time DED problem, particularly in the case of large-scale power systems. Also, it is observed form the numerical studies that, by increasing the dimension of the system, more reduction in CPU time is obtained, which is very important from the viewpoint of real-time operation of large-scale power systems. Future work will be focused on comparing the performance of the proposed method in comparison to other existing methods such as metaheuristic methods (particle swarm optimization [30] and honey bee mating optimization [31] ). The uncertainty of wind power generation, as well as the demand uncertainty, is considered using the scenario approach. However, using some risk measures like Conditional Value at Risk (CVaR) can enhance the proposed model. The sensitivity analysis can also be used to check the robustness of the results of the model in the presence of uncertainty [32] .
APPENDIX A WIND POWER GENERATION UNCERTAINTY MODELING
It is assumed that the probability density function (PDF) of wind speed follows the Rayleigh behavior (which is a subset of the Weibull distribution) and is known for the wind site as follows [25] , [33] :
The occurrence probability of scenario s and the corresponding wind speed v s are calculated as follows: where v i,s and v f,s define the initial and final values of the wind speed's interval in scenario s, respectively. The characteristic curve of a wind turbine [27] is depicted in Fig. 10 . Thus, in each point in the future prediction horizon, the forecasted output power of the wind turbine for the aforementioned wind profile (as a percent of its rated power P w r ) is determined using its characteristics as follows: 
